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tect	RABV	when	 it	was	present,	 and	generally	detectability	was	higher	 in	 fall–
winter	 compared	 to	 spring–summer.	Found	dead	animals	 in	 fall–winter	had	 the	
highest	detection	at	0.33	(95%	CI:	0.20,	0.48).	Nuisance	animals	had	the	lowest	
detection	probabilities	(~0.02).
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1  | INTRODUC TION
Knowing	when	elimination	of	a	wildlife	disease	has	been	achieved	














surveillance	 effort	where	 no	 infected	 animals	 are	 detected	 (nega-
tive	surveillance),	and	certainty	of	elimination	is	dependent	on	the	
amount	 of	 surveillance	 effort	 and	 the	 likelihood	 of	 detecting	 the	
disease	by	the	surveillance	methods	employed.	Surveillance	of	wild-
life	 diseases	 often	 consists	 of	 opportunistic	 rather	 than	 random	
sampling	methods	(e.g.	reported	nuisance	animals,	roadkill;	Duncan	
et	 al.,	 2008;	Nusser	 et	 al.,	 2008),	which	 cannot	 be	 described	 sta-






elling,	 which	 simultaneously	 estimates	 occurrence	 and	 detection	
(MacKenzie	et	al.,	2006),	 is	well	 suited	 to	answer	questions	about	
wildlife	 disease	 distribution,	 invasion	 dynamics	 and	 detectability,	
and	is	increasingly	being	applied	to	wildlife	disease	problems	(Bailey	
et	 al.,	 2014;	 Lachish,	 Gopalaswamy,	 Knowles,	 &	 Sheldon,	 2012;	
Pepin	 et	 al.,	 2017).	 By	 combining	 and	 evaluating	multiple	 surveil-




















burden	 from	rabies	virus	 (RABV)	globally	 is	associated	with	 trans-
mission	from	domestic	dogs	(Hampson	et	al.,	2015).	However,	RABV	
also	 circulates	 independently	 in	 diverse	 bat	 and	 carnivore	wildlife	
reservoirs	 (Gilbert,	 2018;	Velasco-Villa	 et	 al.,	 2017),	which	 are	 as-
sociated	human	exposures	and	prophylactic	 treatments	 (Christian,	
Blanton,	 Auslander,	 &	 Rupprecht,	 2009),	 with	 economic	 costs	
(Sterner	&	Smith,	2006).	Control	of	RABV	circulation	in	domestic	and	
wild	 carnivores	 focuses	on	 the	principle	of	preventive	vaccination	
to	 reduce	susceptible	 fractions	of	a	 target	population	 to	eliminate	
disease	transmission.	Wildlife	vaccination	against	RABV	relies	prin-













Surveillance	 of	 wildlife	 disease	 often	 leverages	 multiple	




landscape.	We	 used	 a	 dynamic	 occupancy	 approach	 to:	 (a)	 esti-
mate	 local	RABV	elimination	probability,	 (b)	quantify	the	relative	
contribution	 of	 different	 surveillance	methods	 for	 RABV	 detec-
tion,	 (c)	 estimate	 sample	 sizes	 needed	 across	 space	 and	 time	 to	
informs	 management	 decisions	 by	 understanding	 ecological	 drivers	 of	 disease	
occurrence.
K E Y W O R D S
dynamic	occupancy,	elimination,	multi-method	occupancy,	rabies	virus,	raccoon,	surveillance,	
wildlife	disease
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achieve	 a	 desired	 level	 of	 elimination	 certainty,	 and	 (d)	 identify	
seasonal	 and	 landscape	 variables	 that	 relate	 to	 the	 presence	 or	
absence	of	RABV	in	wild	carnivores.
2  | MATERIAL S AND METHODS
2.1 | Study area
Raccoon	 variant	 RABV	 is	 enzootic	 in	 raccoon	 populations	 along	
the	 east	 coast	 of	 the	 United	 States	 (Elmore	 et	 al.,	 2017).	 The	
United	States	Department	of	Agriculture,	Animal	and	Plant	Health	





extends	 across	 16	 states	 from	Maine	 in	 the	 north	 to	 Alabama	 in	
the	south	(Figure	1).	NRMP	has	also	implemented	a	comprehensive	







To	 evaluate	 the	 value	 of	 different	 surveillance	 methods	 for	
RABV	detection	and	to	estimate	elimination	probabilities,	we	se-
lected	a	 region	of	 the	ORV	zone	and	ERS	area	with	 a	high	 con-
centration	of	 animal	 samples	 to	maximize	our	power	 to	 identify	
signals	 from	 these	 data.	 We	 focused	 on	 counties	 with	 at	 least	
100	animals	sampled	within	our	10-year	study	period	in	western	
Pennsylvania,	eastern	Ohio	and	northern	West	Virginia	(Figure	1).	
This	 contiguous	 region	 largely	 consists	 of	 cultivated	 crops,	 pas-
ture	 and	 hay	 fields	 surrounded	 by	 deciduous	 forests.	 The	 area	
(49,367	km2)	 includes	 the	city	of	Pittsburgh	and	 its	 surrounding	
suburbs.
2.2 | Data
Data	 consist	 of	 individually	 sampled	 animals	 that	 are	 tested	 for	
RABV.	Data	include:	location,	date	of	collection,	which	agency	col-
lected	the	sample,	how	the	animal	was	encountered	(e.g.	trapped,	
roadkill,	 incidental	 take,	 carcass	collection),	 the	 fate	of	 the	animal	
(e.g.	found	dead,	euthanized,	non-WS	sampled)	and	field	comments.	
In	2016,	NRMP	developed	six	 surveillance	categories	 for	 classify-
ing	ERS	 collections	 for	more	 strategic	 surveillance	 effort:	 strange	
acting,	found	dead,	roadkill,	surveillance-trapped,	nuisance	wildlife	








tially	 tested	 for	 rabies	using	 the	direct	 rapid	 immunohistochemi-
cal	 test	 (dRIT;	Rupprecht	et	al.,	2014).	All	positive,	 indeterminate	
and	10%	of	negative	dRIT	 samples	were	 subject	 to	confirmatory	
test	 by	 direct	 fluorescent	 antibody	 assay	 (DFA;	 Ronald	 et	 al.,	
2003).	Where	discrepant	 (<0.01%	of	 samples),	 the	 results	 of	 the	
DFA	 test	 were	 considered	 final.	 All	 positive	 cases	 were	 geno-
typed	 to	 identify	 the	RABV	variant	 infecting	 the	 animal	 (Szanto,	
Nadin-Davis,	 Rosatte,	&	White,	 2011).	 Public	 health	 surveillance	
data	are	reported	annually	by	more	than	130	state	public	health,	
veterinary,	and	university	laboratories	to	the	Centers	for	Disease	
Control	and	Prevention	and	 include	 individual	animals	 suspected	
of	human	or	pet	exposure	which	were	tested	using	DFA	to	inform	
decisions	about	post-exposure	prophylaxis	for	humans	and	animal	


























change	 (i.e.	 closure)	during	a	 sampling	occasion	 (termed	 the	primary	
sampling	period).	The	diagnostic	tests	for	RABV	detect	infection	during	





probability	of	detecting	RABV	status	 transitions	 as	 surveillance	data	
are	not	routinely	collected	by	sites	to	be	able	to	document	transitions.
Dynamic	occupancy	models	can	be	expressed	in	a	hierarchical	frame-


























tions	of	covariates,	Xε and Xγ,	with	linear	regression	coefficients	βε and 
βγ,	in	Equations	(6)	and	(7).	Extinction	(εit)	was	modelled	with	a	simple	
intercept	only	model.	To	understand	the	spatial	and	temporal	variabil-







zone	 to	be	 considered	 in	 the	ORV	zone).	Habitat	 effects	may	 influ-
ence	animal	host	 and	 rabies	occurrence	 so	we	used	 covariates	 that	
may	relate	to	raccoon	densities	and	contact	rates	(Recuenco,	Blanton,	
&	Rupprecht,	2012).	We	evaluated	three	habitat	coverage	groupings	
derived	 from	 the	 National	 Land	 Cover	 Database	 2011	 (Homer	 et	
al.,	 2015).	Additionally,	 the	 probability	 for	 colonization	 of	 grid	 cells	
with	RABV	may	be	related	to	the	number	of	positive	RABV	cases	in	
neighbouring	 sites	 in	 the	previous	 time	 step	 (infection	density).	We	





To	calculate	 the	posterior	distributions	 for	 this	model	we	used	
a	Markov	Chain	Monte	Carlo	 algorithm	with	Metropolis–Hastings	
steps	 custom	 coded	 in	 Program	R	 (R	Core	 Team,	 2017).	We	 used	
200,000	iterations	with	a	100,000	run	burn-in	and	five	chains.	We	






we	 calculated	 the	 effective	 probability	 of	 detection,	 p∗,	 account-
ing	 for	 all	 sampling	methods,	 J,	 and	 sampling	 effort	 by	method	 ej 
(Equation	8).	Using	 the	effective	detection	probability,	p∗,	we	 can	
calculate	 the	 probability	 of	 elimination	 for	 each	 site	 at	 each	 time	







































=훽훾0+훽훾1 ∗%cultivated+훽훾2 ∗%forest cover
+훽훾3 ∗%open low development+훽훾4 ∗ORV
+훽훾5 ∗ trend+훽훾6 ∗ trend∗ORV+훽훾7 ∗winter
+훽훾8 ∗ spring+훽훾9 ∗ summer+훽훾10 ∗ infection density




Only	 the	 initial	 occupancy	 estimate	was	modelled	 directly,	 the	
occupancy	estimates	for	the	remaining	time	steps	were	derived	from	
the	initial	occupancy	and	the	transition	rates	(Equation	5).	Therefore,	
covariate	 relationships	 were	 modelled	 on	 the	 transition	 rates	 (ex-




likelihood	 to	 fit	 regression	models	 to	beta	distributed	data;	Gruen,	






interaction	between	 the	spatial	and	 temporal	effects	and	 the	ORV	
zone	to	determine	 if	spatial	and	temporal	patterns	were	consistent	
across	management	areas	(within	and	to	the	east	of	the	ORV	zone).
2.5 | Validation and surveillance method 
bias comparison
We	evaluated	model	fit	using	Bayesian	p-values	with	deviance	as	our	
test	 statistic	 (Broms,	 Hooten,	 &	 Fitzpatrick,	 2016;	 Gelman,	 Meng,	






























lected	 (8,982/23,635	 =	 38.0%	 and	 7,249/23,635	 =	 30.7%	 respec-
tively;	Table	1).
3.1 | Rabies occurrence













































name # Negatives # Positives Total
Strange	acting 1,254 84 1,338
Found	dead 413 24 437
Roadkill 3,256 101 3,357
Surveillance	trapped 691 9 700
Nuisance 7,177 72 7,249
Other 1,550 22 1,572
Public	health 8,507 475 8,982
Total 22,848 787 23,635
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3.2 | Surveillance results
Generally,	 the	 strange	 acting,	 found	 dead	 and	 public	 health	 sur-




were	 less	 variable	 across	 seasons.	 The	 highest	 RABV	 detection	










     |  2557Journal of Applied EcologyDAVIS et Al.
probability	 was	 among	 found	 dead	 animals	 in	 fall–winter	 at	 0.33	





had	 lower	detection	probabilities	 than	their	 raw	prevalence	would	
suggest	(Figure	3b).




infection	 during	 that	 season.	 In	 the	 last	 time	 step	 of	 this	 study	
(fall	of	2015),	the	probability	of	RABV	elimination	was	highest	in	
the	ORV	management	zone	(Figure	4a).	There	were	nine	grid	cells	




























For sites with an occupancy 
probability of .1
For sites with an occupancy 
probability of .5
Sample size 95% CI Sample size 95% CI
Strange	acting-S 5 (4,	7) 21 (16,	28)
Strange	acting-W 4 (3,	6) 16 (11,	24)
Found	dead-S 9 (5,	20) 36 (20,	80)
Found	dead-W 2 (1,	3) 7 (4,	12)
Roadkill-S 13 (10,	18) 51 (40,	69)
Roadkill-W 6 (5,	9) 25 (19,	35)
Surveillance	trapped-S 17 (8,	54) 68 (32,	214)
Surveillance	trapped-W 20 (10,	54) 77 (40,	213)
Nuisance-S 31 (24,	42) 124 (95,	167)
Nuisance-W 30 (19,	52) 118 (77,	203)
Other-S 13 (8,	26) 51 (31,	101)
Other-W 13 (8,	27) 52 (30,	108)
Public	health-S 8 (7,	9) 30 (26,	36)
Public	health-W 3 (2,	3) 11 (10,	14)




























the	 further	out	 in	 time	 that	predictions	were	made	 (Appendix	S4,	
Figure	2).	During	 the	 study,	 there	were	14	site/time	combinations	
where	elimination	would	be	declared,	one	of	those	was	found	to	be	
occupied	in	the	next	time	step,	for	an	error	rate	of	7.1%.
In	 general,	 we	 found	 that	 individual	 surveillance	 occupancy	
estimates	were	overestimated	 in	 the	ORV	management	area	com-









of	 detection	 given	 sampling	 effort,	we	 can	 estimate	 the	 probabil-
ity	of	elimination	(i.e.	freedom	of	RABV)	for	every	grid	cell	at	every	
time	point	in	our	study.	When	a	disease	is	detected,	the	probability	
of	elimination	 is	 logically	zero.	When	a	disease	 is	not	detected,	an	















continued	ORV	management	 can	 increase	 the	 likelihood	 of	 elimi-
nating	 RABV.	We	 observed	 greater	 uncertainty	 in	 grid	 cells	with-
out	samples	near	areas	of	current	or	recent	RABV	detections.	If	we	
wanted	to	 increase	certainty	 in	 these	areas,	we	can	use	the	elimi-
nation	probability	surface	to	provide	guidance	on	where	increased	
sampling	would	provide	the	most	benefit.
Understanding	 epidemiological	 patterns	 of	 wildlife	 disease	 fa-
cilitates	management	planning	 and	 surveillance.	RABV	occurrence	








Seasonal	 rabies	 incidence	has	also	been	described	 in	bats	 (George	
et	al.,	2011)	relating	to	variation	in	host	contact	rates,	susceptibility,	
survival	 and	 life	 history	 (e.g.	 synchronized	parturition).	 These	 fac-
tors	may	also	relate	 to	seasonal	variation	 in	RABV	occurrence	ob-
served	 in	 raccoons	 (Duke-Sylvester,	Bolzoni,	&	Real,	2011;	Hirsch,	
Reynolds,	Gehrt,	&	Craft,	2016).	Understanding	such	patterns	can	
help	optimize	management	 strategies	 by	 vaccinating	 animals	 prior	
to	 the	 predicted	 occurrence	 of	 seasonal	 epizootics.	Modifications	
in	 the	ORV	 strategy	 in	 response	 to	 habitat-associated	 patterns	 of	
rabies	incidence	may	be	one	way	to	adapt	management	practices	for	
maximal	effect	(but	see	Beasley	et	al.,	2015).	Habitat-targeted	ERS	



















there	 are	 drawbacks	 to	 exclusive	 use	 of	 this	 surveillance	method.	
Therefore,	to	use	just	one	surveillance	type	may	result	in	spatial	or	
temporal	biases	in	occupancy	estimation	and	using	a	combination	of	
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methods	is	generally	recommended	to	be	more	robust	for	estimating	
disease	presence.
Approximately	 70%	 of	 all	 surveillance	 samples	 were	 collected	
in	 the	 spring	and	 summer,	 likely	 reflective	of	periods	of	 increased	
movement	and	higher	likelihoods	of	people	and	their	pets	encoun-










ference	was	 observed	 among	 found	 dead	 samples,	 in	which	 sam-
ples	collected	during	fall–winter	were	over	four	times	more	likely	to	










neously	evaluate	 spatial	 and	 temporal	 influences	on	occurrence,	











distinction	 for	 achieving	 long-term	management	objectives.	 This	
approach	 is	 particularly	 useful	 for	monitoring	of	wildlife	 disease	
in	general,	as	many	wildlife	disease	surveillance	make	us	of	a	com-
bination	 of	 opportunistic,	 convenience	 and	 targeted	 sampling	
approaches.
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